Eg = Naotional Toxicology Program

The Integrated Chemical Environment: Tools and Data to Support Toxicity Assessments

S Bellt, J Phillips?, N Cariello!, P Ceger!, X Chang?!, F Hermes?!, AL Karmaus?!, K Mansourit, E McAfee?, R Rait, D Allen!, W Casey?, N Kleinstreuer?
LS, RTP, NC, USA; 2Sciome LLC, RTP, NC, USA; SNIH/NIEHS/DNTP/NICEATM, RTP, NC, USA

ICE Integrator Machine Learning

The Integrated Chemical Environment

Resources Outcomes -( )- . . . . .
\ : 7 _ - Use the machine learning tool for hypothesis generation and to explore different
o L National Toxicology Program Pop-up assay selection ™" [P AN _ _ _ : el
« Identify opportunities to DS U Department of Health and Human & groups assays by e gn y machine learning approaches using ICE data. Selected endpoints (for classification
Method Developers «  High-Quality Data develop new methods P Integrated Select Assay Data common features/toxicity .T S5 " , and regression modeling) and algorithms are available through ICE to facilitate ease
e —— Y - - Compare method performance Q Enateaent endpoints i il A of use by those with limited background in computational toxicology.
Chemical Producers Reference Chemicals « Identify data gaps Select Assay
— : . » Integrator Mixtures cHTS s . . . . . ) i .
Risk Assessors - Computational Tools ‘?ﬁﬁ!n;ﬁ;ﬂﬁi‘“e toxicity — Predicts endpoints for in vivo assays: Machine learning methods available
Develop testing strateqi * Local lymph node assay (skin « cforest: conditional random forest
AR L AN L sensitization) - rpart; recursive partitioning
. . Androgen Receptor Pathway b R ° rotr hl r ni |V| < e ;
ICE provides free online access to: ICE supports: LI—JILemCe)atnOSkiﬁé:f]tsi?igzZtignacéte%Z ) knn.FL< r;lc_ea}rest nelq[hbort hi ith dial k |
; ; ; . . . . . i ’ ° ° .
« Curated in vivo and in vitro data related to « Data integration: brings together available data, AC50 HQSAR-structure P y S‘I’m at'lal .ISulotpor Vector machine with a radial kerne
.. . . . . = el ° -
toxicity testing including data on formulations . s o . wodels: knn rf o cpec pis: partialieast squares regression
* In silico toxicity predictions and chemical » Results exploration: enables dynamic, graphical & ShivsCheriP Efﬂkﬁﬁeﬂzdﬁ-’liﬁgﬁg%Eﬁém%ermm- Stand-al . iable f ith tom datasets:
property data exploration with publication-quality graphics Call EH Sachine Learming methods Enn knn - —-mmmmo o httan _ /_/a'(t)hnebversu/)ﬁé\;aé?m € hqr usLe wit cu;oml' alasets.
« Curated lists of chemicals with defined assays <« Data analysis: allows characterization of data using 6 Androgen Re Confusion Matrix ; : ps./igithub.com achine-Learning-Fipeline
(reference chemical lists) online workflows ey O A T - refere Performance statistics
] . ] . . Finished Selectling Assay/Endpoint Pairs For Prediction , Frediction Actiwv of the model includin
« Computational tools related to chemical * FAIR (findable, accessible, interoperable and reusable) e Active € th fusi i 9 . c 5 e
. . . . .. ™ e " nactive -
characterization and predicting toxicity data access w098 e , (Cel ;:Sosr:ﬂuczt?gnr;mznréx 1 [cASRN  knn svmRadialtoPredict  PhysChem
Tt - s . RMSE (re ression) are 2 |95-70-5 Active Active Active T
' - gfviqﬁgr?ﬂz : 9 3 |26172-55- Active  Active  Active Machine learning tool
ICE 2 O Add Assay/Endpoint Pairs Union or Intersection Mcnemar's Test B method performance 5 |119-36-8 Inactive Inactive Inactive the predictions from
u Union X v . & |87-86-3 Active Active Active each model alon
Aesay Endpoint g;ziqﬁ‘;]g - e 7 |862892-90 Active  Active  Active _ g
NeW Features in ICE 2 O Add Chemicals with same QSAR-structure Pos Pred value : 0.9839 & |531-95-3 Active Active Inactive W|th_th_e data used for
M - . | Neg Pred value : 0.9048 | et : ; training the model
o PhysChem Properties  LogP, Octanol-Water P; Prevalence : 0.6250 9 66d422-95-! Active Active Active
: . . . @ 2chemical quick lists selected. Detection Rate : 0.5865 10 122-57-6 Active  Active  Active 1520
« Expand your search by adding chemicals in ICE with the same QSAR-ready structures . @ PhysChem Properties  KOA, Octanol-AIr Partit  nger one CASRN per line. DEtEgﬂﬁgeSrE:glng; L o ades 11 150114-71 Inactive  Inactive  Inactive 0.675
as your Chem|CaIS o Androgen Receptor Pal  Call LoeaeT ‘Positive’ Class : Active
. - . . 51-52-5
’ Sln;pllflgd aslsay selection Fur(tjher f”tfr. query _retsultfs _ 72-55-9) *Machine learning tool uses imputation and/or removes sparse
* Updated tools and export in a variety o o cetlcyete el assays/chemicals to permit use of methods requiring complete cases.
i i ) i computer-friendly and _
Computational Published Validation human-readable formats Select chemicals to query
Databases . from chemical quick list
Models Data Studies and/or entering CASRN h - | h . .
O Chemical Space Characterization
- m..r-:-rlur g 3 Toogke File Clear Filter  ENAPOINt Record Count: 122450,
CSONSBIl eod®  Chemesinm CASN OISO Amy  Edpos  voke ce 7~ ~|+tte*  Leverage ICE models to characterize a user-supplied chemical list, getting
r . @

= Selected X b ¢ . ¥ T b i

information on the chemical space covered based on different physicochemical

Selected R_0&44873 Tamoxife 10540-20.1 DTXSID103 APR_HephI ACSO 51707 .
a
Integrated p p '

| T trs 8 OTHSINNN APR HepG: ACSD 58 2303 Chamical HOME SEARCH  WORKFLOWS  BEFERENCE DATA ABOUT o ertl es
o) Envirgnmint

FOA44B4E! 1ThetaTren 10161-33-8 DTXSIDOO3 APR Hepl: ACSO 163709 s o o v T s F e oo wm "
c e Mar - ICH | Pre 3 ; 3 BCLErizat |

n 4 Takn 7014 0% APR Hép 516905

x5
s . . _— = Distribution of chemicals based on OPERA predictions e we = B e
aipha-Est TS AC S Min. : 46.04 Min. :-100.62 Min. : T79.62 Min. :-10.988 Min. :-10.213
Y e S IVIVE Workflow Input 1st Qu.:220.06 1st Qu.: 93.95 1st Qu.:295.7% 1st Qu.: -9.256 1st Qu.: -9.06€9
\Talpha-Esti - 57 il ; " The IVIVE toal uses pharmacokinetic models to predict the daily equivalent administered dose from activity concentration of se Median :270.16  Median : 152.53  Median :342.22 Median : -7.804 Median : -7.678
3861 noT ] DTHSIDGE0Y, APR_HepG: ACS0 533791 s Mean 12TE. 46 Mean : 145.91 Mean 1335.47 Maan LR - e Maan femf B34
DR > ki et M 8 3rd Qu.:317.59  3rd Qu.: 195.41  3rd Qu.:389.60 '
® § R 063504 O o | + 2 chemical quick lists salected. E H;:.':J = 780.43 :._ﬂx_l:d - 3-_-,,2_5{_ :[:x 4 :Elj_::[_ Tabular Summary ;
Taara 17 A - B Androgen Receptor Pathway . = Wa . .
5 s DTXSIDTON AP HenG: ACS B4 7399 5L o Cell Cycle Enter onm CASRN par ine. g o Min 8. 166 Compa”ng |nput
e &d Cytochrome P450 = 1 :t“ - ; -! I 33:; 1
. ; ‘ 5 o S & Lot wed. A chemicals to the
¢ 1 i ) 483 Oy clty [burst + stn T Mean i=3.18d
fHepristone 84 : = A . B Estrogen Receptor Pathway Q . 3t: ou. :-2. 3;3 >7OO,OOO
. , RLOGIZEET! Salphabihy 521186  DTXSIDO0Z APRHepl: ACSD 84,0412 G Protein-Couphed Receptors 2 Graphlcal OUtpUtS Max. 1,218 chemicals in ICE
DOWn | Oad EX O rt u erIeS arbendazin 10 Mitachondrial £ . . 1] " Summary of Rvailable OPERA D
p q Rt Huclear Receptar 8 h|gh||ght hOW MW ME BE HL ve
' ; 3 1 PH LR Steroidogenesis - . Min, 1.0 Min.,  :-177.46 Min., :-139.2 Min., :-12,.B80 Min. :-12.744
reference ||StS and results frin 1 Close e ) L‘nclaisi‘iedc-llTS a representathe the — 1st Qu.: 199.0  1st Qu.: t--l.L:I 1st Qu.: 274.3 Qu 833  1st Qu g.062
9 H H H [ Median @ 253.0 Median @ 120.53 Median : 314.0 Median 4598 Median =5.981
.ﬂE. InpUt Chemlcal IISt A Mean & 277 2 Mean : 113.68 Mean : 308.7 Mean T.276 Mean =181 I
Run tools to eXplore ICE s ( ur |e) is compared to 3rd gu.: 322.0  3rd gu.: 172.31  3rd gQu.: 345.4  3rd Qu.: -6.002  3rd Qu.: -3.258
data and generate ‘E p p . p ] OPERA Chemicals Max. 189435.5 Max. o482.74 Max. : 541.5 Max 1.374 Max. 1.843
dicti the available chemical 4 Input Chemicals Ty c2a2
redictions ; ; N :
P space in ICE (green) ! ! Min. i-12.080
15t Qu.: =-4. 3%
0 5 10 Median : =-3.045
Mean ;=315
1st Principal Component 48% variance ;,ri gu.: -1.0834

Max.

Future plans for Chemical Characterization tool:

» Generate physchem and other structure-based predictions from user-provided chemical lists

» Prediction of chemical parameters for use in modeling (example: fraction unbound, pka)

* Chemical use category overview provided by EPA's Consumer Products Database, CPDat
(https://www.epa.gov/chemical-research/chemical-and-products-database-cpdat)

» Integration with ChemMaps (http://www.chemmaps.com)

In Vitro to In Vivo Extrapolation
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To get announcements of ICE updates and other
NICEATM activities, visit the NIH mailing list page
for NICEATM News at https://list.nih.gov/cgi-
bin/wa.exe?SUBED1=niceatm-I&A=1 and click
“Subscribe.”
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A stand-alone version is available for use with custom datasets: https://github.com/NIEHS/
Find out more about the IVIVE workflow: Abstract 3138/Poster P886, Wednesday, March 13
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